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Abstract—As variable renewable energy (VRE) shares are 
growing around the world, power systems are becoming more 
weather dependent. The weather driven variability in VRE 
generation can cause challenges to the operation and planning of 
power systems. This paper investigates how the expected 
technology development of wind power affects VRE generation 
variability over a large geographical area. A case study of 
Northern Europe is presented, where a mixture of offshore wind, 
onshore wind and solar photovoltaic generation is considered. 
Different scenarios with a doubling of today’s annual VRE energy 
generation is modelled. The results show that modern wind 
turbine technology can significantly decrease the variability in 
aggregate VRE generation. When considering also an optimal 
mixture of different VRE sources, standard deviation of the 
aggregate VRE generation is estimated to be 31 % lower 
compared to simply doubling existing installations. 
Index Terms-- Optimization, solar, variable renewable energy, 
variance, wind. 
I. INTRODUCTION 
Variable renewable energy (VRE) generations, such as 
wind and solar power, are variable due to weather. As VRE 
generation shares increase, power systems become highly 
weather dependent. Compared to systems with mainly 
traditional generation, e.g., thermal and hydro, this variability 
can cause challenges to the operation and planning of power 
systems; such as planning of interconnection expansion, and 
system adequacy and balancing issues. 
There exists a vast literature on wind power variability 
modelling, utilizing both reanalysis data [1]-[5] and stochastic 
simulation [6]-[8]. The geographical distribution of wind 
installations has a significant effect on the aggregate wind 
generation, and increasing the geographical spread can decrease 
the aggregate variability [5], [8]. When considering a mixture 
of VRE sources, the negative correlations between wind and 
solar PV generations can reduce the variance of the aggregate 
generation [9]-[11]. 
Integration of European power markets and subsequent 
interconnection of large geographical areas can decrease the 
variability of aggregate VRE generation. Several papers show 
how the variance of aggregate VRE generation can be 
minimized considering both the geographical distribution of 
installations and optimal mixture of wind and solar PV. Mean-
variance portfolio optimization was used for optimizing wind 
farm locations in a single country in [12], [13], and several 
European countries were analysed in [14], [15]. Similar 
analysis in [10], [11], considered also solar PV, and it was 
shown that a mixture of wind and solar is favorable when 
pursuing low aggregate VRE variability. 
This paper models different VRE technology types in 
Northern Europe, and analyses the effect of their geographical 
distribution on the aggregate VRE generation variability. In 
addition, the effects of wind power technology development on 
the aggregate variability are studied. Both increasing hub 
heights and lower specific power are considered. Compared to 
analyzing only wind in [8], [12]-[15], this paper considers also 
solar PV in the optimal VRE generation mix. Compared to [10], 
[11], this paper includes the analysis of wind power technology 
development on the aggregate VRE variability. Following the 
approach in [11], variance of the overall aggregate generation, 
rather than ramp rate variance, is minimized. This is justified 
by the analysis of residual load behavior in the future in [16], 
where the additional ramping from VRE generation compared 
to load was considered modest in Nordic and Baltic countries. 
35 years of simulated hourly wind and solar PV generation 
data are used to estimate the statistical parameters required for 
the aggregate VRE variance minimization. The simulations are 
carried out using the CorRES tool [5]. In addition to variance 
minimization, the full probability distributions of aggregate 
VRE generation and its ramp rates are studied. 
The analysed countries are Denmark (DK), Finland (FI), 
Norway (NO), Sweden (SE), Estonia (EE), Lithuania (LT), 
Latvia (LV), Germany (DE), Netherlands (NL) and Poland 
(PL). The starting point are the VRE installation in 2016. The 
expected annual VRE energy from these installations is 
estimated; then, several scenarios for doubling the annual VRE 
energy are implemented and compared. It is shown that 
optimizing both the geographical distribution and mixture of 
the different VRE types lowers the aggregate variability 
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significantly. Utilization of modern wind turbine technology 
further reduces the variability. 
This paper is structured as follows. Section II provides a 
theoretical look at how aggregate variance can be minimized. 
Section III describes the VRE simulations to estimate the 
statistical parameters required for minimizing the variance. 
Section IV presents the results for the different scenarios. 
Section V provides discussion, and Section VI concludes the 
paper. 
II. AGGREGATE VARIANCE MINIMISATION 
 This section looks at how the statistical properties of the 
different VRE sources affect the variance of the aggregate 
generation. The minimization of the aggregate variance is then 
described. 
A. Aggregate Variance 
Considering k sources of VRE generation, their aggregate 
generation at time t is 
𝑝𝑡 = ∑ 𝑤𝑖𝑦𝑖,𝑡
𝑘
𝑖=1 ,       (1) 
where wi is the installed capacity (or weight) of source i, and yi,t 
is its standardized generation. Standardized generation gets 
values between 0 and 1, where 1 means that the source is 
generating at full installed capacity. 
 As shown, e.g., in [11], the variance of the aggregate 
generation pt is 
Var(𝑝𝑡) = ∑ 𝑤𝑖
2σ𝑖
2 + 2∑ 𝑤𝑖𝑤𝑗σ𝑖σ𝑗ρ𝑖,𝑗𝑖≤𝑗≤𝑘
𝑘
𝑖=1 ,        (2) 
where σ𝑖
2 = Var(𝑦𝑖,𝑡) and ρ𝑖,𝑗 = Cor(𝑦𝑖,𝑡 , 𝑦𝑗,𝑡). Thus, the 
aggregate variance depends on the variances of the individual 
sources σ𝑖
2, on the correlations between the sources ρi,j, and of 
course on how much VRE generation is installed 𝑤𝑖 . A VRE 
source can be, e.g., German solar PV generation or onshore 
wind generation in Norway. 
B. Constraints 
To minimize aggregate variance in (2), some constraints need 
to be fulfilled to ensure a realistic scenario. A scenario here 
means a set of VRE installations, i.e., a vector [𝑤1, … , 𝑤𝑘]′. 
1) Expected Annual VRE Energy 
Each VRE installation scenario reaches a specific expected 
annual VRE energy (assuming 8760 hours per year). As shown 
in [11], this constraint is specified as 
[E(𝑦1,𝑡) … E(𝑦𝑘,𝑡)] [
𝑤1
⋮
𝑤𝑘
] =
𝐸a
8760
,        (3) 
where Ea is the expected annual VRE energy generated in the 
scenario. A scenario has installed capacity wi for each VRE 
source i, with expected value E(yi,t). As yi,t are given as 
standardized generation, the expected values are capacity 
factors (CFs). 
2) Lower and Upper Bounds for the Weights 
VRE installation limits are assumed to be the same as used 
in [11]. The lower bounds for [𝑤1 , … , 𝑤𝑘]′ are the installed 
capacities of 2016 (referred to as “today” in this paper); taken 
from the ENTSO-E Statistical Factsheet for 2016 [18]. 
The upper bounds for wind installations are taken mostly 
from the WindEurope 2030 high scenario [19]. However, for 
the Baltic countries the onshore wind installation limits were 
increased to 2 GW; and offshore wind limits were set as: 5 GW 
for NO, 2 GW for FI and SE, and 1.2 GW for the Baltic 
countries. 
For solar PV, numbers from SolarPower Europe were used 
as the basis for the upper bounds for DE and NL, as described 
in [11]. To allow for some solar investments also in the north, 
the following upper limits were set: 5 GW for Nordic countries 
and PL, and 2 GW for the Baltic countries. 
C. Minimizing Aggregate Variance 
The variables σi and ρi,j in (2) are affected mostly by weather 
driven variability, although VRE technology does have some 
effect as described in Section III. However, within a technology 
scenario these variables, and the means in (3), are expected to 
remain constant. Thus, the weights [𝑤1, … , 𝑤𝑘]′ can be 
optimized to minimize (2). This means that the variance of the 
aggregate VRE generation is minimized in relation to the 
installed capacities of the different VRE sources. The 
minimization of was performed with Matlab function fmincon 
(Matlab R2016b, Optimization Toolbox [17]). 
III. VRE GENERATION SIMULATION 
This section describes the VRE generation simulations for 
estimating the statistical parameters required for (2) and (3). 
The differences in the statistical parameters in the different 
VRE technology cases are then presented. 
A. CorRES tool 
The VRE generation time series are simulated using the 
CorRES tool [5]. The simulations are a reanalysis of past 
weather covering 35 years with hourly resolution. The 
analyzed countries are shown in Fig. 1. VRE installation 
locations within each country are specified as in [11]. For 
onshore wind, existing installation locations were used. For 
those countries that do not have offshore wind installations 
today, planned locations were used [20]. Solar PV installations 
were assumed to be distributed throughout the countries, with 
more weight to the south for FI, NO and SE. 
 
Fig. 1. The analysed countries. © EuroGeographics for the administrative 
boundaries. 
B. VRE Technology Development 
Two VRE technology cases are analysed. In existing 
installations, the existing VRE installations are modelled. In 
future technology, development of VRE technology is 
considered, which changes the statistical properties used in the 
aggregate variance minimization. 
Wind technology development is assumed to affect both 
hub heights and specific power. The future technology case 
assumes that all onshore wind hub heights will be 110 m and 
offshore wind 140 m. Specific power is assumed to be 30 % 
lower than the average specific power of the entire fleet today; 
the effect on power curve can be seen in Fig. 2. These 
technology development assumptions are discussed more in 
Section V. Solar PV technology is assumed to remain similar to 
today in the future; no changes are implemented. 
 
Fig. 2.  Change in the power curve from today’s fleet average to the future 
technology scenario with 30 % lower specific power. 
C. Characteristics of Individual VRE Sources 
Some key statistics for the different VRE sources are given 
in Appendices A and B. Appendix A describes the existing 
installations case, whereas B shows results if all wind 
installations are as described in the previous subsection for 
future technology. 
Appendices A and B show relative standard deviation 
(RSD), which is standard deviation (SD) divided by the mean, 
for each VRE source. A low RSD is favorable for reducing 
aggregate VRE variance when looking only at the behavior of 
the individual sources. It can be seen that wind has significantly 
lower RSDs than solar PV. Due to increased CFs, the future 
technology case shows lower RSD for each wind source 
compared to existing installations. 
D. Correlations Between the Sources 
Table I shows average correlations between the different 
VRE types (more detailed numbers can be found in 
Appendix C). Wind generations from the different countries are 
quite correlated, but correlation decreases when distance 
increases. All solar PV generations are highly correlated. 
The negative correlations between solar PV and wind 
generations can be used in minimizing the variance of the 
aggregate VRE generation, as the 2∑ 𝑤𝑖𝑤𝑗σ𝑖σ𝑗ρ𝑖,𝑗𝑖≤𝑗≤𝑘  part of 
(2) can be negative. Interestingly, the negative correlations 
between onshore wind and solar PV are stronger in the future 
technology case than with existing installations, as can be seen 
in Table I. Other correlations remain quite similar. 
TABLE I.  AVERAGE CORRELATIONS BETWEEN THE VRE TYPES 
 Onshore wind Offshore wind Solar PV 
Onshore wind 0.41 (0.41) 0.39 (0.42) -0.24 (-0.18) 
Offshore wind 0.39 (0.42) 0.34 (0.38) -0.14 (-0.14) 
Solar PV -0.24 (-0.18) -0.14 (-0.14) 0.92 (0.92) 
The first values are for the future technology case (based on Appendix C); the 
values in the brackets are for existing installations. 
IV. RESULTS 
This section presents the different scenarios analysed, and 
compares the behavior of aggregate VRE generation in them. 
A. Studied Scenarios 
The VRE installations for a “today” scenario are taken from 
the ENTSO-E Statistical Factsheet for 2016 [18]. Compared to 
“today”, all other scenarios achieve a doubling of the expected 
annual VRE energy (3). The “today doubled” scenario achieves 
this by simply doubling all the installations in the “today” 
scenario. Both scenarios use existing installations. 
Two optimized scenarios, where the aggregate VRE 
generation variance (2) is minimized while respecting the 
constraints specified in Section II B, are created. The 
“optimized (existing installations)” scenario achieves this 
assuming existing installations. The “optimized (future 
installations)” scenario minimizes (2) assuming that all VRE 
installation are as presented in Section III B for future 
technology. 
B. Aggregate VRE Variance in the Scenarios 
The optimized frontier in Fig. 3 shows that some increase 
in annual VRE energy can be achieved with only a small 
increase in the aggregate VRE generation SD. However, as 
installed capacities of the most favorable VRE sources start to 
reach their upper limits, the SD increases faster when annual 
VRE energy increases. The optimized frontier is given for 
existing installations, and no point can lie on the left side of 
the frontier when this technology scenario is considered. 
However, future technology allows for a lower aggregate SD 
with the same annual VRE energy, as can be see for the 
“optimized (existing installations)” scenario; this is possible 
because the statistics σi, ρi,j and E(yi,t) used for (2) and (3) 
change compared to existing installations. 
As the “today doubled” scenario is simply a scaled-up 
version of “today”, SD of the aggregate VRE generation is 
double compared to “today”, as can be seen in Table II. The 
optimization of the weights of the different VRE sources 
lowers the aggregate SD by 19 % compared to “today doubled“ 
(when assuming existing installations). Considering future 
technology for the VRE sources decreases the aggregate SD 
significantly; the “optimized (future technology)” scenario, 
where both optimal mixture of VRE sources and wind 
technology development are considered, provides a 31 % 
decrease in aggregate VRE generation SD compared to “today 
doubled“. 
 
 
Fig. 3. The optimized frontier shows an optimal path from the annual VRE 
energy generation of “today” to its doubling when assuming existing 
installations. The “optimized (future technology)” scenario considers both 
optimal mixture of VRE sources and wind technology development. 
TABLE II.  OVERALL RESULTS OF THE SCENARIOS 
Scenario 
SD of 
aggregate 
(GWh/h) 
Expected 
annual VRE 
energy (TWh) 
Today 13.5 204 
Today doubled 27.1 408 
Optimized (existing installations) 22.0 408 
Optimized (future technology) 18.7 408 
C. The Optimized Weights 
Fig. 4 shows a country-wise view of the optimized VRE 
installations in the “today” and the two optimized scenarios 
(more detailed numbers are given in Appendix D). The 
optimization puts no more installations in DE, as there are 
already significant VRE installations. Rather, the optimization 
chooses to put much of the additional VRE installations far 
away from the areas with high existing VRE installations; e.g., 
to FI, EE and NO. These countries show low correlations to 
wind generation in DE, as can be seen in Appendix D and on a 
regional level in Fig. 5. 
The “optimized (future technology)” scenario achieves the 
same annual VRE energy as the “optimized (existing 
technology)” with less VRE installations, as the wind CFs are 
higher (as can be seen in the appendices). The optimization 
sees value in utilizing a mixture of wind and solar PV in both 
optimized scenarios. 
 
Fig. 4. The sums of installed VRE generation capacities in the different 
countries; more detailed numbers are given in Appendix D. 
 
Fig. 5. Spatial correlations in wind generation looking from an example 
German onshore region (using the 35 years of simulated hourly data). 
D. A Look at the Full Probability Distributions 
Fig. 6 shows the probability distribution functions (PDFs) 
of aggregate VRE generation in the “today doubled” and both 
optimized scenarios. In addition to lower SD, the optimized 
scenarios have the 5th and 95th percentiles closer to the mean of 
the aggregate VRE generation compared to “today doubled”; 
this can be seen also in Table III. Utilization of future 
technology significantly reduces the aggregate VRE 
generation variability compared to existing installations. 
Fig. 7 shows that in addition to aggregate VRE variability, 
the optimized scenarios show also lower aggregate hourly 
VRE ramping compared to the “today doubled” scenario. 
Table III shows that the ramp rate SDs are smaller, and the 5th 
and 95th percentiles are closer to zero compared to “today 
doubled”. Use of future technology reduces the aggregate VRE 
ramping compared to existing installations. 
 
Fig. 6. Estimated PDFs of the aggregate VRE generation for the “today 
doubled” and the two optimized scenarios. 
 
Fig. 7. Estimated PDFs of the aggregate VRE generation hourly ramping for 
the “today doubled” and the two optimized scenarios. 
TABLE III.  STATISTICS FOR THE SCENARIOS 
Scenario 
5th, 95th 
percentile 
(GWh/h) 
Ramp 
rate SD 
(GWh/h) 
5th, 95th ramp 
rate percentile 
(GWh/h) 
Today doubled 12.5, 103 4.52 -8.39, 7.56 
Optimized 
(existing installations) 
16.4, 88.6 3.91 -7.35, 6.52 
Optimized 
(future technology) 
19.3, 81.0 3.02 -5.50, 5.04 
V. DISCUSSION 
The modelled future VRE technology development 
assumes that all wind installations are as described in Section 
III B for future technology. This means that in addition to all 
new installations, the existing installations are repowered with 
high hub heights and modern turbines. This can be challenging 
especially for onshore wind, where allowed hub height limits 
can be an issue. However, the future technology case still shows 
the possibilities of technology development in reducing VRE 
variability. 
In the analyses presented in this paper, grid constraints are 
not considered. While the per-country VRE installation limits 
were considered feasible, grid constraints should be considered 
in the future. Also, dynamic studies of the scenarios are 
required to properly assess their feasibility. 
Future work should also consider load to enable analysis of 
residual load variability [16]. Although it is possible to modify 
(2) to minimize residual load variance, it was not done in this 
paper as only a few years of load time series were available 
from the different countries. Future work can consider how a 
combination of statistical load modelling (e.g., [21]) and the 35 
years of available meteorological reanalysis data (including, 
e.g., temperature) could be utilized to provide also load 
reanalysis data (in addition to VRE reanalysis data). 
VI. CONCLUSION 
This paper has studied the effects of wind power technology 
development on aggregate VRE variability. Different scenarios 
with a doubling of today’s annual VRE energy generation were 
modelled for a case study in Northern Europe. When both the 
optimal mixture of VRE sources and the wind technology 
development are considered, a 31 % decrease in the aggregate 
VRE generation SD is expected compared to simply scaling up 
today’s VRE installations. 
The optimized scenarios, both modelling with current VRE 
installations and when considering wind technology 
development, use a mixture of offshore wind, onshore wind and 
solar PV. Although wind shows lower RSDs in the individual 
countries than solar, the negative correlations between solar PV 
and wind generation make having a mixture of wind and solar 
favorable. The optimized scenarios have VRE installations 
more geographically spread than the installations of today. 
In addition to minimizing the variance of aggregate VRE 
generation, the optimized scenarios show significantly reduced 
probabilities of very high or low aggregate VRE generation, 
and reduced ramp rates compared to simply doubling today’s 
VRE installations. When considering wind power technology 
development, the ramp rates are reduced compared to 
modelling with current VRE installations. 
The results highlight the importance of considering 
expected VRE technology development when assessing 
variability of large-scale VRE generation in the future. Also, 
the results on the optimal geographical distribution of VRE 
installations highlight the importance of analyzing larger 
geographical regions than single countries when planning 
future power and energy systems. The results can be used, e.g., 
when considering market structures and policies incentivizing 
future VRE installations. 
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APPENDIX A: DESCRIPTIVE STATISTICS OF INDIVIDUAL VRE SOURCES WITH EXISTING INSTALLATIONS
 
These numbers relate to existing installations; mean is the same as CF of the VRE source. 
APPENDIX B: DESCRIPTIVE STATISTICS OF INDIVIDUAL VRE SOURCES WITH FUTURE TECHNOLOGY
 
These numbers relate future technology; mean is the same as CF of the VRE source. 
APPENDIX C: CORRELATIONS BETWEEN THE VRE GENERATION SOURCE 
 
APPENDIX D: WEIGHTS IN  THE SCENARIOS
 
DE DK EE FI LT LV NL NO PL SE DE DK EE FI LT LV NL NO PL SE DE DK EE FI LT LV NL NO PL SE
Mean 0.22 0.24 0.26 0.25 0.25 0.26 0.25 0.28 0.24 0.29 0.43 0.43 0.29 0.30 0.36 0.34 0.40 0.41 0.35 0.34 0.12 0.12 0.12 0.09 0.12 0.12 0.10 0.10 0.10 0.11
SD 0.20 0.24 0.24 0.22 0.25 0.26 0.25 0.19 0.21 0.19 0.32 0.30 0.30 0.27 0.32 0.32 0.31 0.28 0.31 0.22 0.16 0.18 0.19 0.14 0.19 0.18 0.15 0.15 0.14 0.16
RSD 0.88 0.97 0.93 0.86 1.00 1.00 0.98 0.69 0.87 0.67 0.73 0.70 1.04 0.89 0.91 0.95 0.78 0.69 0.89 0.65 1.42 1.52 1.56 1.60 1.52 1.54 1.48 1.52 1.45 1.54
Onshore wind Offshore wind Solar PV
DE DK EE FI LT LV NL NO PL SE DE DK EE FI LT LV NL NO PL SE DE DK EE FI LT LV NL NO PL SE
Mean 0.35 0.43 0.38 0.35 0.36 0.37 0.40 0.40 0.33 0.42 0.53 0.54 0.41 0.44 0.47 0.45 0.50 0.48 0.46 0.50 0.12 0.12 0.12 0.09 0.12 0.12 0.10 0.10 0.10 0.11
SD 0.26 0.31 0.29 0.24 0.29 0.30 0.31 0.20 0.25 0.22 0.31 0.31 0.35 0.35 0.36 0.36 0.32 0.28 0.35 0.26 0.16 0.18 0.19 0.14 0.19 0.18 0.15 0.15 0.14 0.16
RSD 0.74 0.72 0.76 0.70 0.81 0.81 0.78 0.50 0.76 0.52 0.58 0.57 0.87 0.80 0.77 0.80 0.64 0.58 0.75 0.53 1.42 1.52 1.56 1.60 1.52 1.54 1.48 1.52 1.45 1.54
Onshore wind Offshore wind Solar PV
DE DK EE FI LT LV NL NO PL SE DE DK EE FI LT LV NL NO PL SE DE DK EE FI LT LV NL NO PL SE
DE 0.64 0.26 0.16 0.36 0.34 0.77 0.33 0.66 0.35 0.70 0.62 0.21 0.07 0.33 0.30 0.62 0.24 0.47 0.45 -0.27 -0.29 -0.28 -0.28 -0.28 -0.28 -0.28 -0.28 -0.27 -0.29
DK 0.64 0.26 0.19 0.33 0.34 0.48 0.52 0.50 0.53 0.73 0.89 0.23 0.10 0.32 0.31 0.42 0.42 0.51 0.63 -0.15 -0.19 -0.19 -0.20 -0.18 -0.19 -0.17 -0.21 -0.16 -0.21
EE 0.26 0.26 0.49 0.61 0.76 0.19 0.28 0.36 0.49 0.18 0.22 0.79 0.29 0.52 0.61 0.14 0.15 0.34 0.42 -0.18 -0.20 -0.24 -0.24 -0.21 -0.23 -0.18 -0.22 -0.19 -0.22
FI 0.16 0.19 0.49 0.26 0.34 0.13 0.41 0.19 0.59 0.11 0.15 0.40 0.76 0.22 0.28 0.10 0.21 0.16 0.37 -0.20 -0.22 -0.24 -0.28 -0.23 -0.24 -0.21 -0.27 -0.22 -0.26
LT 0.36 0.33 0.61 0.26 0.88 0.24 0.25 0.64 0.44 0.26 0.31 0.56 0.13 0.80 0.73 0.18 0.13 0.54 0.50 -0.19 -0.20 -0.24 -0.24 -0.23 -0.24 -0.19 -0.22 -0.21 -0.22
LV 0.34 0.34 0.76 0.34 0.88 0.23 0.30 0.54 0.52 0.26 0.31 0.72 0.19 0.78 0.84 0.18 0.16 0.52 0.54 -0.18 -0.20 -0.23 -0.23 -0.21 -0.22 -0.18 -0.22 -0.19 -0.22
NL 0.77 0.48 0.19 0.13 0.24 0.23 0.30 0.38 0.25 0.67 0.45 0.15 0.06 0.21 0.21 0.87 0.24 0.27 0.29 -0.21 -0.24 -0.22 -0.23 -0.21 -0.22 -0.23 -0.22 -0.20 -0.24
NO 0.33 0.52 0.28 0.41 0.25 0.30 0.30 0.28 0.65 0.36 0.43 0.26 0.26 0.24 0.25 0.26 0.70 0.25 0.41 -0.24 -0.30 -0.29 -0.34 -0.27 -0.28 -0.27 -0.37 -0.25 -0.34
PL 0.66 0.50 0.36 0.19 0.64 0.54 0.38 0.28 0.44 0.45 0.50 0.33 0.08 0.59 0.50 0.28 0.16 0.72 0.59 -0.25 -0.25 -0.27 -0.27 -0.28 -0.28 -0.25 -0.26 -0.26 -0.27
SE 0.35 0.53 0.49 0.59 0.44 0.52 0.25 0.65 0.44 0.33 0.48 0.49 0.39 0.42 0.46 0.20 0.33 0.45 0.69 -0.28 -0.31 -0.32 -0.35 -0.31 -0.32 -0.29 -0.36 -0.29 -0.35
DE 0.70 0.73 0.18 0.11 0.26 0.26 0.67 0.36 0.45 0.33 0.79 0.16 0.06 0.28 0.27 0.67 0.34 0.47 0.51 -0.09 -0.13 -0.11 -0.12 -0.10 -0.10 -0.11 -0.12 -0.08 -0.13
DK 0.62 0.89 0.22 0.15 0.31 0.31 0.45 0.43 0.50 0.48 0.79 0.22 0.08 0.33 0.32 0.42 0.35 0.57 0.69 -0.15 -0.19 -0.18 -0.18 -0.17 -0.17 -0.17 -0.19 -0.15 -0.19
EE 0.21 0.23 0.79 0.40 0.56 0.72 0.15 0.26 0.33 0.49 0.16 0.22 0.25 0.52 0.62 0.11 0.13 0.33 0.43 -0.17 -0.18 -0.21 -0.22 -0.20 -0.21 -0.17 -0.20 -0.18 -0.20
FI 0.07 0.10 0.29 0.76 0.13 0.19 0.06 0.26 0.08 0.39 0.06 0.08 0.25 0.12 0.17 0.05 0.16 0.11 0.32 -0.02 -0.04 -0.07 -0.11 -0.06 -0.06 -0.02 -0.08 -0.04 -0.07
LT 0.33 0.32 0.52 0.22 0.80 0.78 0.21 0.24 0.59 0.42 0.28 0.33 0.52 0.12 0.81 0.17 0.13 0.60 0.57 -0.13 -0.15 -0.16 -0.16 -0.15 -0.16 -0.14 -0.16 -0.13 -0.16
LV 0.30 0.31 0.61 0.28 0.73 0.84 0.21 0.25 0.50 0.46 0.27 0.32 0.62 0.17 0.81 0.17 0.13 0.54 0.56 -0.11 -0.13 -0.15 -0.15 -0.13 -0.14 -0.12 -0.14 -0.11 -0.15
NL 0.62 0.42 0.14 0.10 0.18 0.18 0.87 0.26 0.28 0.20 0.67 0.42 0.11 0.05 0.17 0.17 0.23 0.22 0.26 -0.16 -0.19 -0.17 -0.18 -0.17 -0.17 -0.18 -0.18 -0.15 -0.19
NO 0.24 0.42 0.15 0.21 0.13 0.16 0.24 0.70 0.16 0.33 0.34 0.35 0.13 0.16 0.13 0.13 0.23 0.15 0.24 -0.09 -0.13 -0.14 -0.17 -0.13 -0.13 -0.11 -0.19 -0.11 -0.17
PL 0.47 0.51 0.34 0.16 0.54 0.52 0.27 0.25 0.72 0.45 0.47 0.57 0.33 0.11 0.60 0.54 0.22 0.15 0.78 -0.09 -0.11 -0.13 -0.13 -0.13 -0.13 -0.09 -0.11 -0.11 -0.12
SE 0.45 0.63 0.42 0.37 0.50 0.54 0.29 0.41 0.59 0.69 0.51 0.69 0.43 0.32 0.57 0.56 0.26 0.24 0.78 -0.12 -0.15 -0.16 -0.17 -0.15 -0.15 -0.13 -0.17 -0.13 -0.17
DE -0.27 -0.15 -0.18 -0.20 -0.19 -0.18 -0.21 -0.24 -0.25 -0.28 -0.09 -0.15 -0.17 -0.02 -0.13 -0.11 -0.16 -0.09 -0.09 -0.12 0.94 0.88 0.86 0.90 0.89 0.95 0.91 0.95 0.92
DK -0.29 -0.19 -0.20 -0.22 -0.20 -0.20 -0.24 -0.30 -0.25 -0.31 -0.13 -0.19 -0.18 -0.04 -0.15 -0.13 -0.19 -0.13 -0.11 -0.15 0.94 0.88 0.88 0.89 0.89 0.94 0.94 0.92 0.94
EE -0.28 -0.19 -0.24 -0.24 -0.24 -0.23 -0.22 -0.29 -0.27 -0.32 -0.11 -0.18 -0.21 -0.07 -0.16 -0.15 -0.17 -0.14 -0.13 -0.16 0.88 0.88 0.95 0.95 0.98 0.84 0.91 0.93 0.93
FI -0.28 -0.20 -0.24 -0.28 -0.24 -0.23 -0.23 -0.34 -0.27 -0.35 -0.12 -0.18 -0.22 -0.11 -0.16 -0.15 -0.18 -0.17 -0.13 -0.17 0.86 0.88 0.95 0.93 0.94 0.84 0.93 0.91 0.95
LT -0.28 -0.18 -0.21 -0.23 -0.23 -0.21 -0.21 -0.27 -0.28 -0.31 -0.10 -0.17 -0.20 -0.06 -0.15 -0.13 -0.17 -0.13 -0.13 -0.15 0.90 0.89 0.95 0.93 0.98 0.86 0.91 0.96 0.93
LV -0.28 -0.19 -0.23 -0.24 -0.24 -0.22 -0.22 -0.28 -0.28 -0.32 -0.10 -0.17 -0.21 -0.06 -0.16 -0.14 -0.17 -0.13 -0.13 -0.15 0.89 0.89 0.98 0.94 0.98 0.85 0.91 0.94 0.93
NL -0.28 -0.17 -0.18 -0.21 -0.19 -0.18 -0.23 -0.27 -0.25 -0.29 -0.11 -0.17 -0.17 -0.02 -0.14 -0.12 -0.18 -0.11 -0.09 -0.13 0.95 0.94 0.84 0.84 0.86 0.85 0.91 0.91 0.91
NO -0.28 -0.21 -0.22 -0.27 -0.22 -0.22 -0.22 -0.37 -0.26 -0.36 -0.12 -0.19 -0.20 -0.08 -0.16 -0.14 -0.18 -0.19 -0.11 -0.17 0.91 0.94 0.91 0.93 0.91 0.91 0.91 0.92 0.97
PL -0.27 -0.16 -0.19 -0.22 -0.21 -0.19 -0.20 -0.25 -0.26 -0.29 -0.08 -0.15 -0.18 -0.04 -0.13 -0.11 -0.15 -0.11 -0.11 -0.13 0.95 0.92 0.93 0.91 0.96 0.94 0.91 0.92 0.94
SE -0.29 -0.21 -0.22 -0.26 -0.22 -0.22 -0.24 -0.34 -0.27 -0.35 -0.13 -0.19 -0.20 -0.07 -0.16 -0.15 -0.19 -0.17 -0.12 -0.17 0.92 0.94 0.93 0.95 0.93 0.93 0.91 0.97 0.94
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Installed generation (GW) DE DK EE FI LT LV NL NO PL SE DE DK EE FI LT LV NL NO PL SE DE DK EE FI LT LV NL NO PL SE
Today 45.0 4.0 0.4 1.4 0.4 0.1 3.5 0.9 5.7 6.0 4.1 1.3 0.0 0.0 0.0 0.0 0.6 0.0 0.0 0.0 39.8 0.9 0.4 0.0 0.1 0.0 1.0 0.0 0.2 0.0
Today doubled 90.0 8.0 0.8 2.9 0.9 0.1 7.0 1.7 11.4 12.1 8.2 2.5 0.0 0.0 0.0 0.0 1.3 0.0 0.0 0.0 79.6 1.7 0.8 0.0 0.1 0.0 2.1 0.0 0.4 0.0
Optimized (existing 
installations )
45.0 4.0 2.0 10.0 2.0 2.0 3.5 11.0 5.7 13.0 4.1 6.1 1.2 2.0 1.2 1.2 9.7 5.0 1.6 2.0 39.8 5.0 2.0 5.0 2.0 2.0 11.5 5.0 4.8 5.0
Optimized (future 
technology )
45.0 4.0 1.0 10.0 0.4 0.1 3.5 11.0 5.7 8.1 4.1 1.3 1.2 2.0 0.0 0.0 0.6 5.0 0.0 0.0 39.8  4.0 2.0 5.0 0.1 2.0 1.0 5.0 0.2 5.0 
Onshore wind Offshore wind Solar PV
